The relationship between income and health is one of the most explored topics in health economics but less is known about this relationship at different points of the health distribution. Analysis based solely on the mean may miss important information in other parts of the distribution. This is especially relevant when clinical concern is focused on the tail of the distribution and when evaluating the income gradient at different points of the distribution and decomposing incomerelated inequalities in health is of interest. We use the unconditional quantile regression approach to analyse the income gradient across the entire distribution of objectively measured blood-based biomarkers. We apply an Oaxaca-Blinder decomposition at various quantiles of the biomarker distributions to analyse gender differentials in biomarkers and to measure the contribution of income (and other covariates) to these differentials. Using data from the Health Survey for England, we find a non-linear relationship between income and health and a strong gradient with respect to income at the highest quantiles of the biomarker distributions. We find that there is heterogeneity in the association of health to income across genders, which accounts for a substantial percentage of the gender differentials in observed health.
INTRODUCTION
The positive association between income and health is a well-established finding in the health economics literature. This relationship has been found across age groups, in many countries analysed and for a variety of health measures, including self-rated health (Mackenbach et al., 2005; Ettner, 1996) , functional limitations (Ettner, 1996) , anthropometric measures (Wagstaff et al., 2003) and mortality (Cutler et al., 2006) . The association between economic conditions and health is also the basis of empirical research on 'income-related health inequalities', one of the most prominent fields in the health economics literature (e.g. Kakwani et al., 1997; van Doorslaer and Jones, 2003; van Doorslaer and Koolman, 2004) . Studies of the influence of economic conditions on health typically use regression models of the conditional mean of the health status variable. Unfortunately, analysis based solely on the mean misses potentially important information in other parts of the distribution (Bitler et al., 2006) . This is especially relevant to the income-health relationship, when clinical concern is focused on the tail of the distributions and when evaluating the income gradient at different points of the distribution of health status and decomposing income-related inequalities in health could be beneficial (Jones and Lopéz Nicolás, 2006) . This lack of evidence is likely due to two factors. On one hand, health information is often unavailable on a continuous scale in standard health or social surveys. For instance, self-assessed health and functional limitations are collected on an ordinal scale while mortality is a dichotomous indicator (by nature). 'Beyond the mean analysis' is obviously less attractive in these cases. On the other hand, the literature in econometrics has developed techniques going 'beyond the mean' only recently (see Fortin et al., 2011 for a review) . This is because, unlike the mean-based estimation framework, estimates on the entire distribution of the dependent variables, that is, quantile regressions, cannot be easily used to estimate the impact of a covariate on the corresponding unconditional quantile of the dependent variable (Firpo et al., 2009) . Ordinary least squares (OLS) regressions provide consistent estimates of the coefficient β of an explanatory variable, X, for the population unconditional mean of an outcome variable, Y, because the conditional mean, E [Y|X] , averages up to the unconditional mean, E [Y] , because of the law of iterated expectations. As a consequence, a linear model for conditional means E[Y| X] = Xβ implies that E[Y] = E[X]β and OLS estimates of β also indicate what is the impact of X on the population average of Y (Firpo et al., 2009) . When the attention shifts towards the entire distribution, the situation is more complicated because conditional quantiles do not average up to their population counterparts, that is, q y (τ) ≠ E [q y|X (τ)]. The analysis 'beyond the mean' of the unconditional distribution of the dependent variable is then more challenging.
In this paper, we use a distributional method proposed in the recent literature, the recentered influence function (RIF) approach of Firpo et al. (2009) to estimate the income gradient for a continuous measure of objective health status: blood-based biomarkers. Biomarkers are characteristics that are 'objectively measured and evaluated as indicators of normal biological processes, pathogenic processes, or pharmacologic responses to a therapeutic intervention'.
1 They are measured on a continuous scale associated with an increasing or decreasing risk (depending on the biomarker) of a disease state, and they are often highly correlated with mortality (Rosero-Bixby and Dow, 2012; Sattar et al., 2009; Gruenewald et al., 2006) . We consider four blood-based biomarkers available in 10 waves of the Health Survey for England (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) associated with some of the most prevalent diseases in all Western countries: cholesterol, glycated haemoglobin, fibrinogen and ferritin. Cholesterol measures 'fat in the blood', and it is associated with a higher risk of heart disease; glycated haemoglobin (HbA1c) is a biomarker for diabetes; fibrinogen is a haemostatic marker associated with many inflammatory diseases including cardiovascular and liver diseases; ferritin is a biomarker for poor nutrition and is associated with other important diseases such as liver diseases. Our data are cross sectional and do not lend themselves to an instrumental variable analysis that might permit causal inference. In keeping with the normative literature on the measurement of health equity, we focus on the association between the biomarkers and gender, income and other socio-economic factors.
Biomarker data have also been recently used to analyse the effect of socio-economic position on the conditional mean of the biomarker score. Using biomarker data for diabetes, hypertension and cardiovascular diseases, Banks et al. (2006) found that English residents have on average better health than US residents. Juerges et al. (2013) found a positive relationship between schooling and biomarkers of cardiovascular diseases (fibrinogen and C-reactive protein). Muennig et al. (2007) look at differences between socio-economic groups in C-reactive protein and cholesterol homocysteine, associated with cardiovascular diseases. They found a positive effect of income and education on 'good cholesterol' and a slightly significant effect on fibrinogen. Ploubidis et al. (2014) found a negative impact of early life socio-economic position on fibrinogen levels later in life. Dowd and Goldman (2006) tested the influence of stress biomarkers on the relationship between socio-economic status and health. They found that chronic stress is actually not very different across socio-economic groups. A key advantage from using biomarker data in all these analyses is having a measure of health, which is free of reporting bias. This is particularly important given the intense debate around the extent of socio-economic-related reporting bias.
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All these studies corroborate the idea that social position and economic conditions contribute to shape objective health. Our paper goes beyond this literature in two ways. Firstly, we use the unconditional quantile regression approach developed by Firpo et al. (2009) to analyse the income gradient across the entire distribution of biomarkers. For a given quantile of the distribution, the method consists of applying the (recentered) influence function transformation to convert the dependent variable into a binary variable and then running a linear probability model regression of the transformed variable on the explanatory variables. The method works by providing a linear approximation to a non-linear functional of the distribution. This allows the law of iterated expectations to be applied to the distributional statistics of interest (i.e. the quantiles) and thus to compute approximate partial effects of the covariates. In our setting, this method allows us to properly assess the income gradient at different points of the unconditional distribution of the biomarkers. This is desirable in order to check for non-linearities in the relationship between income and health and to assess the role of income at extreme biomarker levels, which often indicate the presence or the risk of severe diseases that are associated with high costs for the health system. Secondly, we apply an Oaxaca-Blinder (OB) decomposition at various quantiles of the biomarker distributions to analyse gender differentials in biomarkers and to measure the contribution of income (and other covariates) to these differentials. OB decomposition assesses to what extent gender differentials in biomarkers are explained by compositional differences, because of differences in observed covariates, or by differences in the elasticity of health with respect to income and other factors. More generally, decomposition analysis is useful for drawing policy implications because it helps to delineate the role of health policies, that operate on the health-gradient, from the role of fiscal policy, that operates on compositional differences (Van Doorslaer and Koolman (2004) for a discussion of the policy implications of decomposition analysis). Jones and Lopéz Nicolás (2006) found that there is considerable heterogeneity in the association of health with explanatory variables across genders, and they have shown that this has important consequences on the measurement of income-related inequalities in health. Our paper contributes to this literature by performing the decomposition analysis of gender differentials in health along the entire distribution of health status.
We find a non-linear relationship between income and health and a strong gradient with respect to income at the highest quantiles of the biomarker distributions. In some cases, that is, cholesterol, the income gradient is found only at high quantiles, while analysis 'at the mean' leads to misleading conclusions (i.e. a positive relationship between income and cholesterol). This makes the analysis on the entire distribution especially relevant in such cases. Secondly, we find that there is important heterogeneity in the association of health to income across genders, which varies significantly along the biomarker distribution and accounts for a substantial percentage of the gender differentials in observed health.
The rest of the paper is organized as follows. The next section presents the data and descriptive statistics. Section 3 discusses the empirical methodology. Section 4 presents the results. The final section summarizes and concludes.
DATA
Our data come from the Health Survey for England (HSE). HSE is a cross-sectional health interview survey of around 15 000 to 20 000 respondents in England conducted by the National Centre for Social Research (separate surveys are available for Scotland and Wales). The survey started in 1991 and has been carried out annually since then. HSE includes a representative sample of adults aged 16 and over and since 1995 has also included children aged 2-15. From 2001 onwards, the survey covers all ages, but certain age groups are only asked questions on selected topics. An interview with each eligible person in the household is followed by a nurse visit for those who agree to take part. The interview includes a set of core questions, asked each year, on general health and psycho-social indicators, smoking, alcohol, demographic and socio-economic indicators, questions about use of health services and prescribed medicines. Biomarkers are collected during nurse visits and include not only blood samples but also anthropometric measurements, blood pressure measurements and saliva samples. During the nurse visits, the nurse asks the respondent for permission to carry out various types of measurement. Respondents are informed about the purpose and value of each test for the monitoring of various diseases. For instance, for the cholesterol test, the nurse informs participants that 'high levels are associated with blood clots, heart attack and stroke.' The delivery of information is useful in order to increase compliance and establish a good working relationship.
The most popular blood-based biomarkers, which are analysed in this 
Variables and descriptive statistics
In what follows, we provide a description of the variables used in our analysis. Firstly, we describe the bloodbased biomarker variables giving some detail on their unit of measurement, the clinical cutpoints (when available) and the use of biomarker values for diagnosis of a disease state. Later, we describe the income variable and other controls employed in the regressions. A complete list of the variables, along with descriptive statistics, is presented in Tables I and II. We examine the four blood-based biomarkers for which regularly collected data are available in the HSE: total cholesterol, glycated haemoglobin, fibrinogen and ferritin. As discussed in the introduction, these markers 3 HSE data includes three main datasets (households, individuals and individuals who give blood) and releases three set of weights. The aim of each set of weights is that each of the main datasets can be treated as broadly representative of the general household population. Our paper is based on the blood sample data; thus, 'blood sample weights' are used in all analyses. (ADA, 2010; WHO, 2011a) .
Fibrinogen is a marker of inflammation, and it aids the body to stop bleeding by helping blood clots to form. It is measured in grammes per litre (g/L). The measure is continuous and there are no established clinical cutpoints, but normal levels generally range between 1.5-3 g/L. Higher levels of fibrinogen are implicated in the development of CVD and many inflammatory diseases, such as liver diseases.
Levels of ferritin reflect the size of the body's stock of iron, and therefore, they are indicative of anaemia. A low ferritin level is predictive of uncomplicated iron deficiency anaemia, caused, for instance, by poor nutrition. However, high ferritin levels suggest excess body iron, which is also problematic for health because it is generally associated with important diseases such as liver diseases. WHO (2011b) suggests some cut-points: ferritin levels below ≤20 ug/L indicate depletion of iron, while levels ≤12 indicate complete absence of stored iron. Ferritin levels >300 ug/L may indicate iron overload in men, and post-menopausal women and >200 may indicate iron overload in pre-menopausal women.
Our main independent variable is household equivalised income. It includes total income of a household from all sources, after tax and other deductions, divided by the number of household members converted into equivalised adults. In order to take into account the fact that income changes are often multiplicative in the real world (i.e. a 5% raise in wages), we take the logarithms of equivalised income in all regressions; this is a common practice and allows a clearer interpretation of the income-health relationship.
As control variables, we include six age group variables (11-18, 18-34, 35-44, 45-64, 65-74, 75+) for each gender and seven dummies for educational status. Education is measured according to the following categories: Table I shows descriptive statistics for the biomarkers. We find that average biomarker values in our sample fall largely within normal ranges but with some exceptions. In particular, average cholesterol values are around 10% higher than the cutpoint of 5 while fibrinogen average scores are a bit higher than the normal cutpoint of 3. Moreover, Table I depicts a higher dispersion around the average cholesterol and ferritin values, while other biomarkers values are less dispersed around the mean. Table II shows descriptive statistics for the independent variables. We observe a high share of individuals aged 45-64 and a higher share of elderly women (over 65), consistent with the well-known gender differences in life expectancy. With respect to education, we observe that around 23% of individuals in our sample have a degree, and a similar share of them have an NVQ 2 or GCE. Also the share of individuals without formal education is substantial (around 21%). This includes mostly individuals belonging to older cohorts without any formal education (around 20% and an average age of 60) and students receiving compulsory education or attending a school at the time in which the interview was conducted (approximately 1% of our sample and an average age of 15).
EMPIRICAL METHODOLOGY
Our empirical analysis is based on the RIF method of Firpo et al. (2009) . We use the method to estimate the relationship between income and biomarkers and we use RIF regression as a basis for OB decomposition of gender differentials in England.
As discussed in the introduction, the key advantage of the RIF approach is that it allows us to analyse the relationship between income and the unconditional distribution of biomarkers and to analyse and decompose differences in the unconditional distribution of biomarkers across genders. This possibility is essentially given by the fact that RIF method works by providing a linear approximation of the unconditional quantiles of the dependent variable. 4 The law of iterated expectations can be applied to the quantile being approximated and used to estimate the marginal effect of a covariate through a simple regression of a function of the outcome variable, the RIF, on the covariates X.
In our setting, the RIF of the biomarkers is estimated directly from the data by first computing the sample quantile q and then estimating the density of the distribution of biomarkers at that quantile using kernel density methods. Then, for a given observed quantile q τ , a RIF is generated that can take one of two values depending upon whether or not the observation's value of the outcome variable is less than or equal to the observed quantile:
where q τ is the observed sample quantile, 1[Bio ≤ q τ ] is an indicator variable equal to one if the observation's value of the biomarker is less than or equal to the observed quantile and zero otherwise. f Bio (q τ ) is the estimated kernel density of the biomarker at the τ th quantile.
The RIF defined in Equation 1 is then used as a dependent variable in a OLS regression on the covariates X, as defined in Section 2.1. In practice, this amounts to estimating a rescaled linear probability model (Jones et al., 2015) . Indeed, the unconditional quantile of the biomarker, q τ , may be obtained as follows:
where RIF̂Bio; q τ ð ÞX j is the estimate of RIF as defined in Equation 1 conditional on covariates X. Thanks to this linear approximation, it is now possible to apply the the law of iterated expectations. Thus, q τ can be written as:
where δ τ̂i s the coefficient of the unconditional quantile regression. This linearization allows estimation of the marginal effect of a change in distribution of covariates X (including income) on the unconditional quantile of biomarkers, measured by the parameters δ τ̂. In our model, as well as the covariates X presented in Table II , we also include year fixed effects, to pick up time variation in biomarker levels and any survey-specific effects.
To analyse gender differentials in biomarkers, we use the OB decomposition method using the RIF regression in Equation 2 as a basis for the decomposition (Blinder, 1973; Oaxaca, 1973) . A similar logic to the OB decomposition at the mean applies here (see Fortin et al. (2011) for a review). Formally, differences in estimated biomarker levels between men (M) and women (F) at each quantile can be decomposed as follows:
where X M and X F represent the sample means of covariates X for the subsample of men and women and δ M and δ F represent the coefficients of the unconditional quantile regression as in Equation 2 for the subsample of men and women, respectively. The first term in Equation 3 is the part of the differential in biomarkers that is 'explained' by differences in observed covariates between the subsample of men and women. This is often called the 'composition effect'. Differences in covariates across genders are weighted by the coefficients of the unconditional quantile regression from a model estimated on the subsample of women (δ F ). The decomposition is thus formulated from the viewpoint of women as in the original work by Oaxaca (1973) . In our application, the choice of the discriminated group is complicated by the fact that women might have some health advantages over men (i.e. they have a higher longevity than men, for instance) but they often earn less than men because of gender discrimination in the labour market. We therefore consider women as the discriminated group. This puts our OB decomposition in line with the traditional discrimination literature, that is, analysis of the gender wage gap (see the discussion in Neumark (1988) and Jann (2008) for more details).
The second term in Equation 3 measures the 'unexplained' part of the differential in biomarkers. This is often called the 'structural' part, and it accounts for differences in biomarkers across genders that are due to differences in the impact of the covariates and it also captures all potential effects of differences in unobserved variables.
The explained and unexplained part can be further decomposed into contributions of each covariate at each quantile. In our case, it is particularly useful to derive both the total contribution and the detailed contribution of income to the gender differentials in biomarkers. This allows us to understand to what extent differences in biomarkers are driven by differences in income between men and women ('composition effect') and/or by differences in the association of health to income across genders (also known as the 'elasticity effect'). Thanks to the additivity assumption of the OB decomposition, this is possible because the 'explained' and 'unexplained' part in Equation 3 are simply given by the sum of the contribution of individual covariates.
Thus, it is possible to derive the detailed contribution of all covariates (including income) to the 'explained part', as follows:
where X 1 and X 2 … are the means of the single covariates and δ F are the associated coefficients of the unconditional quantile regression estimated on the subsample of women. Similarly, the contributions of each covariate to the 'unexplained part' can be obtained as follows:
To draw inferences on the contributions of each covariate to the explained and unexplained part, standard errors are computed using the delta method (see Jann (2008) for more details). The explained part (
captures all the compositional differences, in income and in the other factors, between men and women. Moreover, thanks to the additivity assumption, the detailed OB decomposition presented in Equations 4 and 5 allow us to separate the elasticity from the compositional effect of each covariate on the total differences in biomarkers between men and women. 
Income-health relationship
Tables III-VI show the results of RIF regressions described in Equation 2 for cholesterol, glycated haemoglobin, fibrinogen and ferritin, respectively. Column 1 of each table includes the results for OLS regression at the mean, for comparison, while columns 2-5 include results of the RIF regressions at the 25th, 50th, 75th, 90th and 95th percentile of each biomarker, respectively. To make the interpretation of our coefficients of interest easier, we plot the income coefficients for OLS and RIF regressions at points of the biomarker distribution (every 5 percentiles), along with their 95% confidence intervals, in Figures 1-4 . 6 Table III shows that the relationship between income and cholesterol is somewhat complex and that analysis at the mean misses important information. Indeed, the OLS estimate shows a positive income gradient (column 1), while RIF regressions indicate that income-cholesterol relationship varies at different points of the cholesterol distribution. At the lowest quantiles of the distribution, the income-cholesterol association is positive, while from the 75th percentile of cholesterol distribution, the relationship is negative, albeit not statistically significant. More precisely, Figure 1 shows that the 'saddle' point is located around the 80th percentile, corresponding to a cholesterol score of 6.5, (30%) higher than the clinical cutpoint of 5. After this threshold, the income gradient increases in magnitude and is much higher at the extreme points of the cholesterol distribution (i.e. around the 95th percentile). Interestingly, this pattern
might be conceived as the treatment effect of gender on health, or, more precisely, as the population treatment effect on the treated (Fortin et al., 2011) . However, it is important to note that the interpretation of OB decomposition in causal terms is valid under the assumptions of ignorability and common support. These assumptions are also the identifying assumptions of all the estimators mentioned earlier, belonging to the strand of treatment effect literature, which relies on selection on observables. When the OB decomposition is performed on the entire outcome distribution, as in our case, these assumptions guarantee the invariance of conditional distribution, namely, that the conditional distribution of the biomarker given the control variables X remains invariant under manipulations of the marginal distribution of the X. Despite that, we prefer to not give a causal interpretation of our results essentially because of the nature of our treatment. In general, gender is not a choice or a manipulable action, as we cannot obviously conceive individuals choosing which group to belong to (see for instance the discussion in Fortin et al., 2011 and in Holland, 1986) . 6 RIF regression results are based on a Gaussian kernel function and a bandwidth of 0.06, which is also chosen by Firpo et al. (2009) . In a sensitivity analysis, we also experimented using 'optimal' bandwidth that would minimise the mean integrated squared error if the true distribution of the data was Gaussian. This leads to bandwidths that are a little larger than 0.06 and, when the data are skewed as they are with our biomarkers, may over-smooth the density. In practice, we find that there is very little difference in the RIF regression results with the alternative bandwidths and all our conclusions are unchanged. Similarly, we verified that all our results are unchanged using a different kernel function, the Epanechnikov kernel (results available upon request).
indicates that the income gradient is larger in the range where cholesterol levels exceed the normal range and are indicative of a disease state. With respect to the other covariates, we find higher cholesterol levels among the elderly, (especially women) and a strong association with education at all levels of the cholesterol distribution. However, while the age gradient appears to be marginally decreasing along the cholesterol distribution, the education gradient is marginally increasing: the cholesterol gradient between educated (at any level) and individuals without formal education (reference category) increases along the cholesterol distribution and reach its peak around the 95th percentile of the cholesterol distribution.
The association between income and HbA1c is negative at all quantiles of the distribution but it varies highly in magnitude along the distribution. In this case, the OLS estimate provides a poor reflection of this pattern (column 1 of Table IV), while RIF estimates (columns 2-5 of Table IV) show that the income coefficient at 95th percentile of HbA1c distribution is 10 times higher than the income coefficient at the 25th percentile Figure 2 shows that the income gradient reaches its peak around the 95th percentile of the HbA1c distribution, corresponding to the clinical diagnosis of diabetes (HbA1c >6.5). A similar pattern is observed also for the other covariates: both education and age gradients increase at the highest quantiles of HbA1c distribution, and they are particularly high around the clinical threshold. The fibrinogen-income relationship is shown in Table V (and Figure 3) . Similarly to HbA1c, we find a negative association at all quantiles of the fibrinogen distribution and an higher income gradient at the top quantiles. However, in the case of fibrinogen, we observe two large jumps at the 85th and at the 90th percentile of the distribution. These are associated with fibrinogen values (3.7 and 4) which are 23% and 33% higher than the upper bound of the normal range (equal to 3), respectively. These very high fibrinogen levels are generally indicative of many important inflammatory diseases and negative acute shocks in health status. This might explain the jumps in the income-fibrinogen association, and it is somewhat different from the other biomarkers analysed, which are more related to chronic conditions. However, with the exception of these two jumps, the income gradient is smoother than the other biomarkers: the income coefficient at the 95th percentile is 'only' twice as much as the income coefficient at the 25th percentile (À0.067 vs À0.028). In this case, OLS regression (column 1 of Table V) provides a closer approximation of the average relationship between income and fibrinogen (the OLS coefficient is À0.039). As far as the other variables are concerned, Table V shows that both age and education gradients increase along the distribution of fibrinogen, in a manner consistent with the other biomarkers analysed.
With respect to ferritin, we find a positive income gradient at all points of the distribution (Table VI) .
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This is consistent with the fact that higher ferritin values generally indicate better health, with the exception 7 To take into account the differences in the measurement scale of ferritin with respect to other biomarkers (for instance, Table I ), we divided ferritin values by 100 in all regressions shown in Table VI and Figure 4 . This allows us to use the same bandwidth in the kernel density estimator and makes the ferritin results more comparable with the other biomarkers. of very extreme values which may also indicate the presence of health problems. The income-ferritin relationship reflects this pattern. Indeed, we find that income gradient increases almost linearly up to the 75th percentile and less than proportionally after this threshold and the estimates are less statistically significant at the 95th percentile of ferritin distribution. This pattern is depicted more clearly in Figure 4 . The income coefficient increases almost linearly up to the 75th percentile (the income coefficient at the 75th percentile is about two and a half times higher than the coefficient at the 25th percentile). After this threshold (corresponding to ferritin level of 100), the income coefficient remains stable at the 80th and 85th percentile and increases at the 90th and 95th percentile but with less precision in the estimates. The other covariates exhibit a similar pattern: both age and education gradients reduce in magnitude at the top quantiles of the ferritin distribution and an education gradient is not apparent at the 95th percentile of the distribution. 
Oaxaca-Blinder decomposition of gender differentials in biomarkers
The results of OB decomposition at the 25th, 50th, 75th, 90th and 95th percentile distribution of cholesterol, HbA1c, fibrinogen and ferritin are shown in Tables VII-X, respectively. Decomposition is expressed always as a difference between levels for men 'minus' levels for men. Thus, a positive (negative) difference means that a given biomarker value is higher (lower) among men. Tables VII-X include total differences, the explained and the unexplained part and their respective standard errors. The detailed decomposition is shown in Figures 5-8 , where we highlight the contribution of main factors (income, education, demographics and year fixed effects) to the explained and unexplained part at 25th, 50th, 75th, 90th and 95th percentile distribution of each biomarker. We illustrate and explain the mechanics of the decomposition using cholesterol results as an example and discuss the main findings for all other biomarkers. Table VII shows that women have generally higher values of cholesterol at most quantiles of the distribution. This is not surprising and this is partly explained by the female sex hormone oestrogen, which tends to raise high-density lipoprotein cholesterol ('good cholesterol'). However, according to our results, gender differentials are not the same along the entire distribution. They are negligible and not statistically significant at the 25th and 50th percentiles, while they are high and statistically significant at the 90th (0.23 points is the total gender differential) and 95th percentile (around 0.28 points). The second and third rows of Table VII shows that this is explained both by a difference in the impact of covariates on cholesterol ('unexplained part') and by compositional differences in covariates ('explained part'). At high levels of cholesterol (at the 75th and 90th percentile), compositional differences are predominant, while at extreme levels of cholesterol (at the 95th percentile), the unexplained part is more important to explain gender differentials.
The detailed contribution of income and the other covariates is presented in Figure 5 . The decomposition exercise shows a large contribution of demographics (red bar) at the lowest levels of cholesterol. This contribution is mainly due to a difference in the association of health to demographics while compositional differences are less important. The contribution of education is important especially from the 75th percentile, and it is also due to differences in the association of health to education across genders. The contribution of income is predominant from the 25th percentile of the cholesterol distribution, and it is particularly high at the extreme levels of cholesterol (95th percentile). Also in the case of income, gender differentials in the income-health association ('elasticity effect') are much more important than compositional differences ('compositional effect') to explain total differentials. The interpretation of the elasticity effect deserves more attention. The sign of the elasticity effect of any covariates in our OB decomposition comes from the second term in Equation 5, and it depends on two factors: the sign of the coefficients (δ F and δ M ) and the differences in coefficients between the regression on the subsample of men and the subsample of women (δ F -δ M ). When the coefficients are negative, a positive (negative) elasticity effect arises when the coefficient of female regression is larger (smaller) in magnitude than the coefficient of male regression. On the contrary, when the coefficients are positive, a positive (negative) elasticity effect arises when the coefficient in the female regression is smaller (larger) than the coefficient in the male regression. 8 In the case of cholesterol, as shown in the previous section, the income coefficient in the pooled regression is positive at the lowest quantiles of cholesterol and negative from the 80th percentile of cholesterol. Thus, Figure 5 shows that there is an important heterogeneity in the association of cholesterol to income which varies significantly along the cholesterol distribution. From the 25th to the 75th percentile of the distribution, the positive contribution of income means a higher (positive) association of income to cholesterol among men, while at the 90th percentile, the positive contribution means that there is a higher income gradient among women. However, it is interesting to observe that at very high and dangerous levels of cholesterol (at the 95th percentile), we see a negative contribution that indicates a higher income gradient among men. The OB decomposition of HbA1c is reported in Table VIII . Results indicate higher values of HbA1c among men along the entire distribution and especially at the extreme levels (at the 95th percentile). The higher prevalence of diabetes among men is a recent finding of the medical literature, and it is mainly attributed to a higher abdominal visceral fat, which represents one of the main risk factors for diabetes (see for instance Perreault et al., 2008) . Contrary to cholesterol, gender differentials in HbA1c are largely Table VIII) , while compositional differences are much less important to explain total gender differentials (row 2). Detailed contribution analysis in Figure 6 suggests a marginal role of demographics and a strong contribution of education (mainly due to an elasticity effect) to gender differentials. With respect to income, Figure 6 indicates that its contribution becomes predominant after the 75th percentile of the distribution. Also in the case of HbA1c, the contribution of income is largely due to gender-related differences in the association of the biomarker to income, which vary significantly along the distribution. For instance, while at the 90th percentile of the distribution, we found a higher income gradient among men, and we found the opposite (but less important in magnitude) at the 95th percentile of the distribution. Table IX indicates higher levels of fibrinogen among women especially in the lower part of the distribution where levels are not indicative of a pathological state. Differences are largely explained by gender differentials in the association of fibrinogen with the covariates, while compositional differences are much less important. The detailed decomposition presented in Figure 7 shows that gender differentials in fibrinogen are largely explained by income, and by demographics (to a less extent), while education plays a less important role. Figure 7 also shows that the contribution of income is largely explained by an THE INCOME-HEALTH RELATIONSHIP 'BEYOND THE MEAN' elasticity effect, a pattern observed also for the other biomarkers. Moreover, similarly to the other biomarkers, the elasticity is heterogeneous along the distribution. Up to the 90th percentile of the distribution, the income gradient is higher among women, while at very extreme levels of fibrinogen, the income gradient is higher among men.
Lastly, we report the OB decomposition of gender differentials in ferritin in Table X . 9 Results indicate the existence of higher ferritin levels among men along the entire distribution and especially at the 95th percentile of the distribution. These differences are partly physiological and partly associated to menstrual blood loss for women. However, decomposition analysis also suggests that differences are largely explained by an elasticity effect, while compositional differences are less important. Similar to the other biomarkers, we find that income is the largest contributing factor to gender differentials, and this happens along the entire distribution (Figure 8) . Again, we find that the income contribution is mostly due to an elasticity effect. This indicates a higher income gradient among men at all levels. In substantive terms, these results suggest that the income gradient is higher among men for low ferritin problems, while we do not detect meaningful gender differentials at the highest levels of ferritin, and the income-ferritin association is less statistically significant at those levels (as discussed in Section 4.1).
CONCLUSIONS
The relationship between income and health is probably one of the most explored topics in health economics. A large literature documents the existence of a positive income gradient, which is found in several countries, across different age groups and according to several measures of health status. Despite this large interest, less is known about the income-health relationship at different points of the health distribution. Indeed, studies of the influence of economic conditions on health typically measure the effect of the former on the conditional mean of the health status variable through regression analysis. Analysis based solely on the mean while offering useful information, misses potentially important information in other parts of the distribution. For instance, it does not check for non-linearities in the relationship between income and health across the full conditional distribution. Moreover, it does not permit analysis of the role of economic conditions at the tails of the health distribution, which are often associated with large welfare losses for individuals and high costs for the health care system. This paper fills this gap by offering new evidence on the income-health relationship 'beyond the mean' of the health distribution. We use a distributional method proposed in the recent literature, the RIF approach of Firpo et al. (2009) , to estimate income gradients across the full distribution for continuous measures of objective health status: blood-based biomarkers. Moreover, we apply Oaxaca-Blinder decompositions at various quantiles of the biomarker distributions to explain gender differentials in biomarkers in England. We use repeated cross-sectional data from the Health Survey for England spanning from the 2003 to 2012, and we concentrate on four biomarkers that are predictive of some of the most prevalent non-communicable diseases: total cholesterol, HbA1c, fibrinogen and ferritin.
The principal scope of our paper is to perform a distributional analysis of the income gradient over the health status distribution. The endogeneity of income is not addressed in our analysis, and our results cannot be considered as causal. However, we use a measure of health that is free of subjective reporting bias. Indeed, biomarkers are health measures collected during a professional nurse visit and measured on a continuous scale. This rules out one important source of endogeneity in the income-health relationship.
With these features in mind, our analysis makes two important contributions to the existing literature. Firstly, analysis beyond the mean allows us to highlight aspects of the income-health relationship, which are overlooked by standard regression methods. In particular, we find that the income-health relationship is non-linear across the health distribution and that the income gradients appear to be higher at the top quantiles of the biomarker distributions, close to the clinical cutpoints that indicate the presence of disease. For instance, we find that the income gradient at the 95th percentile is 10 times higher than income gradient at the 25th percentile of HbA1c, a marker for diabetes. At the same time, the income gradient at the 95th percentile is twice as much as the gradient at the 25th percentile of the distribution of fibrinogen, a marker of many inflammatory diseases, including cardiovascular illness. The income gradient increases almost linearly up to the 75th percentile of ferritin (a marker of anaemia and other important diseases), and it increases less than proportionally after this threshold. In these cases, the analysis at the mean provides a partial view of the income-health relationship. In the case of cholesterol, analysis at the mean leads to misleading conclusions. For instance, we find that OLS regression suggests a positive association between income and cholesterol. Instead, RIF regression suggests that at the lowest quantiles of the distribution, the income-cholesterol association is positive, while from the 75th percentile of the distribution, the relationship turns negative. Also in the case of cholesterol, the 'saddle' point is very close to the clinical threshold denoting pathologic cholesterol levels.
A second contribution of our paper is the measurement of the gender differentials in biomarkers and the assessment of the contribution of income (and other covariates) to these differentials. We find that, besides some physiological reasons, gender differentials in biomarkers are largely explained by a different association of health to covariates across genders. Importantly, detailed decomposition analysis suggests that the heterogeneity in the effect of income on health across genders accounts for a substantial percentage of the total gender differentials in observed health. Moreover, we find that income-health relationship across genders varies significantly along the biomarker distribution and that this depends on the nature of the biomarker considered. At extreme levels of biomarkers, indicating pathological cardiovascular diseases (for cholesterol and fibrinogen), we find a higher income gradient among men, while we find that the income gradient is higher among women at lowest quantiles of the distribution (at the 25th and 50th percentiles of the distribution). Similarly, at the lowest levels of ferritin, indicating iron deficiency anaemia, we find a higher income gradient among men. On the contrary, at extreme levels of HbA1c indicating severe diabetes, we find a higher income gradient among women.
These results might have important policy implications. If we follow the argument of Van Doorslaer and Koolman (2004) , the importance of the gender-related differences in the association of income to health would suggest primarily health policy interventions, which operate on the health-gradient. At the same time, it seems that fiscal policy interventions are less relevant as compositional differences are not very important to explain the total gender differentials. Moreover, our analysis suggests that health policy interventions should be differently focused across genders and across the distribution of health. For instance, for the purpose of eliminating socio-economic inequalities in health, it seems important to focus on men in poor economic conditions when considering severe cardiovascular diseases or anaemia due to nutritional deficiency, for instance. On the contrary, more attention should be paid to women in poor economic conditions when considering severe diabetes.
Future research might concentrate on the reasons behind the heterogeneity of income-health relationship along the distribution of health status and across genders. Our results indicate that these aspects should be carefully considered when investigating the health gradient with respect to income, gender and other covariates.
